Purpose Predicting atoms in a potential drug compound that are susceptible to oxidation by cytochrome P450 (CYP) enzymes is of great interest to the pharmaceutical community. We aimed to develop a computational approach combining ligand-and structure-based design principles to accurately predict sites of metabolism (SoMs) in a series of CYP2C9 substrates. Methods We employed the reactivity model, SMARTCyp, ensemble docking, and pseudo-receptor modeling based on quantitative structure-activity relationships (QSAR) to account for influences of both the inherent reactivity of each atom and the physical structure of the CYP2C9 binding site. Results We tested ligand-based prediction alone (i.e. SMARTCyp), structure-based prediction alone (i.e. AutoDock Vina docking), the linear combination of the SMARTCYP and docking scores, and finally a pseudo-receptor QSAR model based on the docked compounds in combination with SMARTCyp. We found that by using the latter combined approach we were able to accurately predict 88% and 96% of the true SoMs, within the top-1 and top-2 predictions, respectively. Conclusions We have outlined a novel combination approach for accurately predicting SoMs in CYP2C9 ligands. We believe that this method may be applied to other CYP2C9 ligands as well as to other CYP systems.
INTRODUCTION
Cytochrome P450 (CYP) enzymes are responsible for catalyzing the oxidation of a variety of both endogenous and exogenous compounds (1) . Of special interest are CYP1A2, CYP2C9, CYP2C19, CYP2D6 and CYP3A4, which metabolize the majority of commonly prescribed drug molecules (2) . CYP enzymes are a constant and critical consideration in the drug discovery and development process due to their pervasive role in drug metabolism and elimination (3) . If a compound is metabolized too quickly by a given CYP enzyme, it will not reach a sufficient concentration to achieve the desired pharmacologic response. Furthermore, some compounds are metabolized into toxic byproducts which can lead to the abandonment of otherwise effective drug candidates (4) . To circumvent such problems, medicinal chemists often aim to slow or alter the metabolism by identifying and modifying "soft spots" in the compound (5, 6) .
Computational methods have become one of the most widely used tools to predict these "soft spots", or sites of metabolism (SoM), in CYP substrates (5) . A variety of ligand-based, structure-based, and combinational techniques have been reported to predict SoMs in CYP substrates (7, 8) . Ligand-based techniques focus specifically on the ligand properties in order to predict which atoms are the most likely SoMs; these techniques include reactivity predictions, pharmacophore models, and rule-based methods (9) . Ligandbased methods are advantageous in that they are highly efficient, however, these methods neglect potentially important structural features of the CYP binding site that play an important role in determining the SoM. On the other hand, structure-based approaches, such as docking and molecular dynamics simulations (10) , incorporate the topography of the CYP enzyme structure to predict whether a given ligand will fit into the binding pocket and its proximity to the reactive heme moiety within a specific CYP enzyme. While these methods allow for incorporation of structural features, they can be time consuming and are often limited by the accuracy of the scoring function or force field. Although, in some cases ligand-based (11, 12) or structure-based approaches (10, 13) alone have proven useful, recently, methods that combine both ligand-and structure-based approaches have emerged as a promising alternative (8, 14) .
Combination methods aim to link ligand-specific data with the structural constraints of a given CYP enzyme. These methods may be of critical importance for substrates with complex metabolism pathways, compounds that are metabolized by multiple CYP isoforms, or substrates with multiple SoMs. Terbinafine, for instance, is known to be metabolized by at least seven CYP isozymes where alternate routes of metabolism can result in the production of several different metabolites (15) . In drugs like Terbinafine, including multiple sources of information may be necessary for more accurate predictions of the SoMs and the resultant products. For instance, structural restrictions in the binding site of one CYP isozyme may favor metabolism at a certain, less intrinsically reactive atom, while binding to another CYP without these structural restraints may favor metabolism at a different site. These differences in metabolism across CYP isozymes would be difficult to deduce using a ligand-based or structure-based approach alone.
Many groups (13, (16) (17) (18) (19) , including ours (20) , have reported successful SoM prediction in CYP substrates using combination based approaches. In our previous study, we compared SoM prediction in CYP2C9 substrates using four approaches; the NAT reactivity model reported by Olsen and co-workers (21) , docking to the crystal structure alone, docking to a "pseudo-apo" ensemble of structures, and a combination approach involving both the NAT model and docking (20) . Of all methods tested, we found that combining the NAT model with ensemble docking was the most successful, accurately ranking nearly 50% of the compounds in the top-1 position (20) . The success of this approach was in part attributed to the inclusion of critical binding site conformations during docking via the use of a protein ensemble which led to a~10% improvement in identifying reactive ligand poses as compared to docking to the crystal structure alone (20) .
While the inclusion of protein flexibility using an ensemble of protein structures improved the generation of docking poses that were consistent with the experimentally known SoM, the number and diversity of false poses also increased. This increase in binding poses presents a significant challenge for the scoring functions used in docking and was thought to be the primary cause of the reduced prediction accuracy of docking observed in the top-1, top-2 and top-3 positions (20) . The poor docking performance in the ensemble is likely one of the key reasons that the improvement in SoM prediction accuracy in the ensemble was only modest compared to using only the crystal structure (20) . Based on our previous findings, we have developed a revised methodology to better incorporate protein flexibility and to better rank predicted poses in CYP2C9. The two main methodological improvements compared to our previous approach are a pre-filtering process to reduce the size of the protein ensemble used in docking and the implementation of QSAR modeling to accurately rank the binding poses relevant for SoM prediction. Compared to the existing methods cited above, our approach differs in method by which the data from docking and SMARTCyp are combined and incorporated into a modified QSAR scheme. To the best of our knowledge, this is the first attempt to directly incorporate SMARTCyp reactivity data into a QSAR model that is based on structural protein and ligand data to predict SoMs in CYP2C9.
A schematic of the revised procedure is shown in Fig. 1 . As with our previous model, both structure-and ligand-based Fig. 1 SoM prediction using a combination of structure-and ligand-based approaches. Using both atom reactivity data from SMARTCyp and structural data from docking, we generated a set of active (true SoM is within 4Å of the reactive oxygen) and decoy poses. A subset of these poses was used to train a pseudo-receptorQSAR model which was then used to evaluate all docking poses of all ligands.
principles were used in the current scheme; SMARTCyp, a successor of the NAT model (22) was used to predict reactivity scores for each atom and ensemble docking was used to incorporate structural features of CYP2C9. We compared predictions in the crystal structure alone to predictions in a "pseudo-apo" ensemble which was selected based on a prefiltering step used to isolate structures relevant for ligand binding. We found that incorporating "pseudo-apo" simulations increased the conformational space covered by the binding pocket allowing for successful docking of nearly all ligands. This was in stark contrast to the crystal structure alone, where less than 65% of the ligands tested could be successfully docked. In this study, as with our previous study, we noticed that the scoring function used in docking did not always accurately predict the correct binding poses. Due to the difficulty of accurately ranking poses using the docking scoring function, we introduced a quantitative structure-activity relationship (QSAR) model to differentiate between poses. Using the poses generated by docking and the reactivity scores generated by SMARTCyp, we produced a dataset suitable for QSAR modeling. A modified, in-house version of the RAPTOR (23) pseudo-receptor QSAR suite was used to develop a pseudo-receptor model to identify docking poses that correctly predict SoMs in our CYP2C9 ligand data set. With this approach we were able to significantly improve SoM prediction in the CYP2C9 ligand data set tested. Using a combination of docking to the pseudo-apo ensemble, SMARTCyp, and QSAR we were able to accurately predict the SoM in 96% of ligands within the top-2 positions.
MATERIALS AND METHODS

Ligand Library Preparation
A set of 73 structurally diverse CYP2C9 substrates with known SoMs were used for this study (Supplementary  Information Table SI ). The compounds were based on those used by Danielson et. al (20) , which were taken from the literature (24) and the University of Washington Metabolism and Transporter Drug Interaction database© (www.druginteractioninfo.org). All possible stereoisomers (in case that stereochemistry was not defined for the structure) and relevant protonation states were considered as unique chemical structures resulting in 139 total ligand structures. Ligands were built using Maestro and minimized using MacroModel as previously described (20) .
SMARTCyp
SMARTCyp (22) is a reactivity model that predicts the reactivity at C, S, N, and P positions in a given ligand based on a s e r ie s o f o v er 4 0 r u l e s d e ri v e d f r o m q u a n t u m chemical calculations. SMARTCyp 2.4.2 was used to predict likely SoMs based on reactivity energies and atom accessibility in each of the 139 total ligand structures. The atoms of each ligand were then ranked according to the predicted abstraction energy, also referred to as the SMARTCyp score. In cases where one or more ligand variants existed, for instance two possible protonation states of the same ligand, the best (lowest) overall score was selected for each atom. The percentage of correctly predicted SoMs in the top-1, top-2, and top-3 positions were calculated using the experimentally known SoMs. In cases where a given substrate had more than one known SoM, only the highest predicted SoM was considered. This criterion was also used for all subsequently described methods.
Static Crystal Docking
The 1R9O crystal structure of CYP2C9 was used for the static docking studies. The co-crystalized ligands, flurbiprofen and glycerol, along with all crystal waters were removed. The crystallized heme (deoxygenated) was replaced by an oxygenated heme. Protonation and tautomer states of histidine and rotamer states of asparagine, glutamine and histidine were assigned using Reduce (25) .
The ligand library was prepared for docking using the PyMol plugin developed by Danielson et.al (26) .
Autodock Vina
Ligands were docked using AutoDock Vina (Vina). The docking volume was defined using our PyMol plugin (26) . The selected docking cuboid was roughly 20 Å on each side and included the active face of the heme and surrounding residues that could be relevant for binding. Default values were used for all docking parameters in Vina. For each unique ligand, 10 total docking poses were generated and 5 kcal/mol was chosen as the maximum energy difference allowed between the best and any other reported docking pose.
Ranking
Docking success was evaluated based on the distance between the known SoM and the reactive oxygen of the heme moiety. Because docking to multiple similar protein structures can result in redundancy of several ligand poses, the poses were clustered using k-medoid clustering. K was iteratively adjusted such that the maximum RMSD between any two poses and the cluster center was less than 1.0 Å. The pose with the best (lowest) docking score from each cluster was selected as the representative member for that cluster.
Next, docking poses of all protonation states and stereoisomers of a given ligand were pooled resulting in a single set of poses for each ligand containing all relevant stereoisomers, protonation and tautomeric states of the ligand. The combined poses were then ranked according to the docking score. If two poses had the same docking score, both would share the same rank, but the rank immediately following would reflect the inclusion of multiple poses. For instance assuming two poses had the same score and were ranked first, the next compound would be ranked in the third position to account for the two ligands that had been previously ranked higher.
A distance of 4.0 Å or less between any heavy atom and the reactive oxygen was considered to be potentially reactive. Poses that did not have a heavy atom within 4.0 Å of the reactive oxygen were omitted from the ranking scheme.
Next, each atom was assigned the best Vina docking score attained by any pose wherein the atom was within 4.0 Å of the oxygen on the heme. The atoms were then ranked according to the assigned score and the percentage of accurately predicted SoMs that occurred in the top-1, top-2 and top-3 positions was calculated. In addition to determining the accuracy of SoM predictions in the top-3 positions, the overall docking success was determined for docking to the crystal structure and the ensemble. The overall docking success is defined as the percentage of ligands that could be successfully docked regardless of ranking. In other words, the overall docking success is a measure of how well the pose prediction portion of the docking algorithm performed exclusive of the scoring function.
Ensemble Generation
MD Simulations
An MD simulation of the pseudo-apo structure of CYP2C9 was used in the ensemble generation process. To generate the initial protein structure the ligand was removed from the CYP2C9 crystal structure, 1R9O.
The MD simulation was performed using Gromacs-4.5.5 (27, 28) and the Amber03 force field. The input structure was prepared using Reduce (25) to identify the proper rotamer, tautomer, and protonation states of histidine, and the proper rotamer states of asparagine and glutamine. The heme parameters were extracted from the literature (29) . We opted to use an oxygenated heme model because the oxygen may be critical for the docking of certain ligands. Gromacs was used to solvate the system in an octagonal water box of SPC216 waters and 6 chlorine ions were added to neutralize the system. The box size was selected to guarantee a minimum distance of 15 Å between solute and box edge.
The steepest descent method and particle mesh Ewald (PME) summation with a grid size of 0.12 nm was used to carry out 1,000 steps of energy minimization. To compute van der Waals interactions a switching function was applied between 1.0 nm and the cut-off of 1.4 nm. The LINCS algorithm (30) was used to constrain bonds containing hydrogen atoms. Next the hydrogen bond network of the surrounding waters was established using a 200 ps MD simulation in which all but the waters were restrained. Simulations were performed at 300 K using PME, Berendsen thermostat, and Parrinello-Rahman pressure coupling. The integration time step was 2 fs. Finally a 400 ps equilibration run was performed to equilibrate the system prior to the 10 ns production run.
Ensemble Generation and Refinement
The initial ensemble was generated by extracting frames every 100 ps from the pseudo-apo production run. The initial ensemble was then refined using a docking-based filtering process resulting in a 6 member ensemble. From the 73 ligands used in this study, 14 structurally diverse ligands (denoted in Supplementary Information Table 1 ) were manually selected for ensemble refinement. These 14 ligands were docked to all members of the 100-member ensemble using AutoDock Vina, as described above. Ligand variants were combined to give a single set of poses for each ligand as previously described.
To determine which protein structures were able to best dock the 14-ligand training set, a fitness score was calculated for each protein structure as follows: 
5;
rank ¼ 1 4; 2 < rank < 4 3; 4 < rank < 6 2; 6 < rank < 10 1;
rank > 10
Where w i is one over the number of protein structures to which the ligand i was successfully docked and f i represents an assigned value based on the docking rank. Poses that were not successfully docked (e.g. did not have the known SoM within 4 Å of the reactive oxygen) were given a score of 0, while those that were successfully docked were given a score between 1 and 5, based on the rank of the pose. The factor w i guarantees that protein structures are more likely selected for the refined ensemble that allow the successful docking of ligands that are difficult to dock. For example, assume that two ligands A and B dock successfully to protein structure S. Assume ligand B is successfully docked to 49 other protein structures (out of 100 structures in the initial ensemble) and ligand A is only docked successfully to S. As protein structure S seems to be unique and relevant for binding ligand A and structurally similar ligands, it should gain a high fitness value and be more likely to be included in the refined ensemble. This is achieved by the introduction of the weight (w i ) which will be 1.0 (1/1) for ligand A but only 0.02 (1/50) for ligand B.
The protein structures from the ensemble were then ranked by fitness. We found that 13 out of 14 ligands could be successfully docked to at least one of the top-5 ranked protein structures. The remaining ligand, 2-oxoquazepam, was not successfully docked until the 34th ranked protein structure. Based on our previous findings that the inclusion of multiple protein conformations can be problematic for the docking scoring function, we felt that including 34 structures would be detrimental to the model. We tested the top-4, top-6, top-8, and top-10 protein structures on the entire ligand data set (data not shown) and found that selecting the top-6 structures achieved optimal template diversity.
Ensemble Docking
All 139 ligand structures were docked to the 6-member protein ensemble. Ensemble docking was performed in a similar fashion as to the static crystal docking described above. Again, all ligand variants from all ensemble members were pooled to produce a single set of poses for each ligand, the resultant poses were clustered and the cluster member with the highest docking score was selected.
Ranking
As with the static crystal docking, the atoms of each ligand were ranked according to the best docking score in which that atom was within 4.0 Å of the reactive oxygen. The percentage of successfully predicted SoMs in the top-1, top-2 and top-3 positions were calculated as well as the overall docking success, as described above.
SMARTCyp +Docking
In an attempt to improve SoM ranking in the top-1, top-2, and top-3 positions, we combined SMARTCyp reactivity predictions with the docking results. A single combined score (CS) was calculated for each atom of a given ligand using the following function:
where R i is the atom's SMARTCyp reactivity score (usually ranging from about 50 (best) to 100 (worst)) and S i is the docking score from the highest ranked pose where the atom i was within the 4.0 Å cutoff from the oxygen of the heme (usually ranging from about −12 (best) to −6 (worst)). Gamma (γ) is a weighting factor between 0 and 10, and is used to adjust the contribution of the docking score (S i ) to the total combined score (CS i ). In order to be further considered in the CS scheme, an atom had to have both a docking score and a SMARTCyp score, otherwise the atom was omitted as a potential SoM.
Gamma was optimized using a subset of ligands (denoted in Supplementary Information Table 1 ) and the following fitness function:
Where %top1, %top2, and %top3, reflect the percentage of accurately predicted SoMs in the top-1, top-2 and top-3 positions, respectively. Gamma was initially set to 0 and was iteratively increased by 0.5 to a maximum of 100. The gamma value that maximized the fitness score for each data set (i.e. crystal or pseudo-apo ensemble) was selected.
For each ligand, atoms were ranked by CS value. As with the docking scores, atoms with equivalent CS values were ranked at the same position, but the next position reflected the inclusion of multiple atoms at the previous position. The percentage of correctly identified SoMs in the top-1, top-2 and top-3 ranked atoms was calculated for the x-ray crystal structure alone and the pseudo-apo ensemble.
SMARTCyp+ Docking+ QSAR
In an attempt to further improve SoM prediction results we implemented a modified QSAR scheme to evaluate and rerank docking poses. The SMARTCyp score and strength of protein-ligand interactions were combined into the fitness functions used for deriving the QSAR model.
Dataset Preparation and Selection
As described previously, SMARTCyp assigns reactivity scores to all ligand atoms, with the lowest score representing the predicted SoM. When combining the SMARTCyp reactivity approach with docking, the SoM predictions can be re-ranked by including only those atoms within a reactive distance of the oxygen atom of the heme. The main limitation of this approach is the accuracy of the docking scoring function. Often poses are found in which the true SoM is within the cutoff distance (active poses), but these poses may be amongst the worst ranked by the scoring function. This problem intensifies as more poses are introduced using ensemble docking. To overcome the limitations of docking scoring functions, we developed a modified version of the RAPTOR QSAR package to generate a statistical model to differentiate poses that are consistent with the experimentally known SoM from those which are not.
The clustered docking poses were used as input for the QSAR model (Fig. 2a) . The poses were first separated into active poses and decoy poses (Fig. 2b ). An active pose was defined as a pose in which the known SoM was docked within 4 Å of the oxygen on the heme and had the known SoM within the top-3 ranked SMARTCyp scores for those atoms within 4 Å of the heme oxygen atom. The active poses were further classified by whether the known SoM had the first, second, or third best SMARTCyp score (Fig. 2c) . A decoy pose was defined as any pose that was docked with at least one atom within 4 Å of the heme oxygen atom but did not meet the criteria for an active pose.
Test and Training Selection
A random set of 19 ligands was selected as the initial test set for the QSAR simulations and the remaining ligands were assigned to the training set. The value of 19 was chosen as this represented approximately one-quarter of the available ligands for QSAR modelling. The test set was then manually curated to ensure that it covered the chemical space of the training set. During this evaluation, four of the test ligands were moved to the training set, and an equal number of ligands were moved to the test set to retain the overall 3:1 training to test ratio. Two of the ligands that were moved into the training set had unique ring structures not found in any other ligand in the data set, a third ligand had a unique long carbon chain, and the final ligand was the smallest compound in the data set. These unique features cause the ligands to be unsuitable for the test set. This test set was then used for all remaining QSAR simulations. The final training and test sets are noted in the "Data Set" column of Supplementary Table 1 .
As discussed earlier, active poses are further classified based on the rank of the SoM using the SMARTCyp score. Thus, for many ligands there are binding poses in which the SoM is ranked as most reactive atom (i.e. other more reactive atoms are not within 4 Å of the catalytic center) and other poses where the SoM is ranked lower (e.g. as top-2 or top-3) because more reactive atoms also fall within 4 Å of the reactive oxygen. In a strict sense, the later poses disagree with the experimental SoM data and would add noise to the QSAR training process. Thus, during QSAR model training only the active poses with the highest ranked SoM based on the SMARTCyp score were used as active poses. All other active poses, however, were moved into the final prediction set which contains all docked poses with any atom within 4 Å of the catalytic oxygen. This prediction set was used for final evaluation of SoM prediction quality using our optimized QSAR model (Fig. 1, last step) .
Inclusion of SMARTCyp Reaction Scores
To directly incorporate the SMARTCyp scores into the QSAR model, the RAPTOR package was modified. The original version of RAPTOR uses hydrogen-bond interactions and hydrophobic contacts between the ligands and the pseudo-receptor generated by RAPTOR to predict binding affinities. In the modified version of RAPTOR, the SMARTCyp score was provided as an additional contribution to the overall predicted score. Thus, the QSAR score Q score was computed by the sum of hydrogen-bond interactions ΔG HBond , hydrophobic contacts ΔG HPhob and SMARTCyp score S SMARTCyp :
SMARTCyp scores were assigned to every pose as 1/10th of the original value to scale the reactivity scores to the same order of magnitude as the other two contributions to the Q score within the RAPTOR models. For active poses, the SMARTCyp score of the known SoM was used. For decoys, the lowest SMARTCyp score of any atom within 4.0 Å of the oxygen atom of the heme was used.
Also, the input to the QSAR method was adjusted (Fig. 2b) . Typically, all poses for a given ligand are treated as alternative conformations of the same ligand and the experimental affinity value is used during the QSAR modeling process for every conformation. For our method, we grouped active and decoy poses separately. In addition, instead of binding affinities, the active poses were assigned a negative score, while the decoys were assigned a score of 0 or a positive value. We will refer to the difference between these scores as a "driving force." The goal of this driving force is to identify the physicochemical features in the QSAR model that allows discrimination between active and decoy poses due to differences in protein-ligand interactions.
In order to determine the optimal driving force, we ran multiple RAPTOR simulations with different driving forces. We ran simulations with both a fixed driving force for all active poses, and simulations with a variable driving force for the actives. For the variable driving force simulations, the top-1 actives poses are assigned a value of X-Y, top-2 poses are scored as X, and top-3 poses are scored as X+Y where X and Y are real floating point values ranging from −5 to −2 and Y ranging from −1.5 to −0.5. Using variable weights for top-1, top-2 and top-3 poses improved the performance of the QSAR model compared to assigning identical weights to all actives. Many of the driving force weights generated QSAR models with similar quality. Therefore, we chose a set of weights in the middle of our testing range, i.e. an X value of −3 and a Y value of 1, with the decoy set being assigned a value of zero. This setting had the best performance by a slight margin.
QSAR Modeling
The modified RAPTOR program was used to generate a pseudo-receptor QSAR model for CYP2C9 with all remaining parameters set to their default values. Five individual models, run with the fast search mode, a coupling factor of 0.5 and sharpness penalty of 1 were constructed for each modeling run.
Analysis of QSAR Results
Typically, pseudo-receptor models are used to predict the binding affinity of a ligand. RAPTOR, in addition to providing an overall prediction of the affinity of the ligand, predicts the binding energy for each conformation of a ligand. In this study, those conformations are the individual docking poses for a ligand. However, here the predicted score does not provide an estimate of the binding affinity but yields a likelihood score for each conformation to be the pose predicted to have the known SoM within 4 Å of the catalytic center. To evaluate the success of our model, all binding poses of training and test set were combined with the predictive set of actives excluded from the modeling process. The trained QSAR model was used to assign QSAR scores to all poses which were then ranked by this score (Fig. 2e) . The atoms within 4 Å of the catalytic center with the top-3 SMARTCyp scores for each pose were assigned modified QSAR scores using the following formula:
where FS A is the final score for atom A, Q score is the QSAR score for the pose in which atom A is found, CYP A is the SMARTCyp score for atom A, and CYP REF is the SMARTCyp score for the atom used in the QSAR model building process . This formula adjusts the QSAR score for the difference in SMARTCyp scores between the top three SMARTCyp atoms (Fig. 2f) . The lowest score for any given atom among all poses was identified, and then the atoms themselves were sorted by score. The highest ranked known SoM was identified and the percentage of correctly predicted SoMs in the top-1, top-2, and top-3 positions were reported.
RESULTS AND DISCUS?SION SMARTCyp Prediction
Several reactivity schemes have been developed to predict SoMs in CYP substrates based on the physicochemical properties of the ligand alone (16, 22) . Such ligand-based methods are advantageous because they do not require protein structural information and are computationally efficient. SMARTCyp (22) is one example of a widely used reactivity based method. Potential SoMs are evaluated based on a combination of the accessibility of the atom within the structure and the estimated energy required to abstract a hydrogen from carbon atoms or for an oxygen attack in the case of nitrogen, phosphorus, and sulfur atoms (22) . The resultant score is referred to as a SMARTCyp score and is used to rank potential SoMs. Recently, a new version of the SMARTCyp program, version 2.4.2, was released with parameters specific to CYP2C9 ligands (31) . We generated a 139-ligand data set comprised of all possible protonation states and relevant stereoisomers of 73 unique ligands and evaluated each using SMARTCyp version 2.4.2 (referred to as SMARTCyp). The atoms of each ligand were ranked according to the assigned SMARTCyp reactivity score and the number of correctly predicted SoMs in the top-1, top-2, and top-3 positions was calculated (Table II -SMARTCyp Alone column). SMARTCyp correctly predicted the known SoM at the top-1 position in 42% of the ligands tested. In the top-2 and top-3 positions, the prediction percentages increase to 58% and 67% respectively.
Static Docking
Docking is another approach used to predict potential SoMs in CYP ligands. Docking is one of the most widely used techniques in structure-based drug design and provides information about potential ligand binding modes. In the biologically active conformation within the CYP binding site, the ligand should be positioned in such a way that the SoM is in close proximity to the reactive oxygen atom of the heme moiety. In theory, if the docking pose is correctly predicted, atoms which are positioned near the oxygen atom of the heme are the most likely SoM candidates.
As a comparison to our new approach, we docked our ligand library into the crystal structure of CYP2C9 (PDB ID: 1R9O) using Autodock Vina (Vina). A docking pose was considered to be an accurate SoM prediction if the distance between the known SoM and the reactive oxygen of the heme moiety was 4 Å or less. Docking poses were ranked by the internal Vina scoring function and the percentage of correctly predicted SoMs in the top-1, top-2, and top-3 ranked poses were calculated (Table II-Vina Alone column). In addition to assessing predictions in the top-3 ranked poses, we calculated the overall docking success by determining the percentage of ligands that achieved an active pose regardless of rank (Table II-Vina Alone column).
SMARTCyp outperformed docking in identifying the known SoM within the top-3 positions. However, the overall docking success was approximately equal to the prediction success of SMARTCyp in the top-3 positions (64% and 67% respectively). This highlights two possible shortcomings in the standard Vina docking approach. First, despite 67% overall accuracy in docking, less than half of these poses were ranked in the top-3 positions, suggesting that the Vina scoring function does not always rank potentially biologically active conformations in the top positions. Second, the failure to achieve 100% docking success suggests that the binding pocket of the crystal structure alone may not be able to accommodate the structural diversity of the ligands in the data set.
It is well known that CYP enzymes are highly flexible and that the binding sites of these enzymes often have to adapt to accommodate structurally different ligands (32) . The plasticity of the CYP binding sites can make docking to these enzymes challenging and often ensemble approaches are employed to improve docking results (10, 33) .
Ensemble Generation and Selection
Ensemble Diversity
A pseudo-apo ensemble was generated by extracting 100 snapshots from a 10 ns trajectory of CYP2C9 with the crystal ligand removed. A principle component analysis (PCA) suggests that through the duration of the simulation, both the overall protein structure and the binding site residues adopted several alternative conformations (Fig. 3a and b) . Ultimately, the increased diversity in the pseudo-apo ensemble allowed Fig. 3 Principal component analysis of CYP2C9 pseudo-apo MD trajectories. The PCA using all protein residues (a) and only the binding site residues (b). The binding site residues were manually defined based on the defined binding site box from the docking simulations. The black circles represent the top-6 structuresselected for the final ensemble.
for improved docking of several ligands in comparison to the crystal structure.
For instance, no active docking pose was found for 9-cisretinoic acid in the crystal structure, however side-chain rotations that occurred during the pseudo-apo simulation allowed for successful docking of this ligand (Fig. 4a) . The orientation of LEU 208, PHE 476, and PHE 100 (PHE 100 was omitted from figure for clarity) are crucial to achieve a bioactive conformation of this ligand. In the crystal structure, the topranked bioactive pose of the ligand directly overlaps with LEU 208. Furthermore, the rotation of ASP 293 in the pseudo-apo simulation provides a potential hydrogen bonding site for the ligand.
Additionally, the binding of torsemide required a significant rearrangement of residues in the active site (Fig. 4b) . A~3 Å shift in the C-terminal loop is accompanied by the~180°r otation of PHE476 in the pseudo-apo simulation which allows for this ligand to be successfully docked. In the closest-to-active pose in the crystal structure docking the ligand is found to occupy a pocket created between the C-terminal loop and the G helix, resulting in a conformation where the SoM is 4.2 Å from the reactive oxygen. In the pseudo-apo simulation, shifting of the C-terminal loop causes a closure of this pocket and causes the ligand to bind on the opposite side of the Cterminal loop where the SoM is within 3.7 Å of the reactive oxygen and at a more favorable angle to the reactive oxygen.
Final Ensemble Selection
While, the inclusion of a variety of binding site conformations may be essential for docking of large and diverse ligand libraries such as the one tested here, an ensemble of several hundred members is both cumbersome and redundant; therefore the pseudo-apo ensemble was further refined.
A docking filter was used to select the most relevant conformations from the initial ensembles. Using a subset of 14 ligands and the fitness function described in the Methods section, the top-6 structures from the pseudo-apo ensemble were selected as the final ensemble members. The fitness scores, RMSD to the crystal structure, as well as the binding site volume are shown for each member of the ensemble in Table I . The 14-ligand training set was initially docked to all protein structures (Supplementary Figure 1) . Although some individual members of the ensemble perform worse than the crystal structure alone, taken together, ensemble docking shows significant improvement over docking to the crystal structure alone. The crystal structure successfully docked only half of the 14-ligand test set whereas the pseudo-apo ensemble docked successfully 13 out of 14 compounds into the top-5 protein structures alone (Fig. 5) . The remaining ligand, 2-oxoquazepam was successfully docked to the 34th ranked structure.
The selected ensemble members were found to be structurally diverse and to cover a significant portion of the conformational space sampled by the MD simulation according to the PCA (Fig. 3) . Compared to randomly selected ensembles of the same size, the filtered ensemble provides considerable improvement in the docking results in the top-3 positions and slight improvement in the overall prediction success (Table II) . The improvement over random selection indicates that the pre-filtering procedure aids in the isolation of protein conformations relevant for docking.
Ensemble Docking
Following the selection of the 6-member pseudo-apo ensemble, we used Vina to dock all 73 compounds in the data set to each member of the ensemble. Compared to the crystal Fig. 4 Conformational adaptation in the pseudo-apo simulation that allows for successful docking of 9-cis-retinoic acid and torsemide (ligand in green, protein in light grey). The true SoM for each ligand has been denoted with a sphere. Compared to the flurbiprofen-bound crystal structure (shown in dark grey sticks and cartoon), several residues and the C-terminal loop adapt to allow for ligand binding. In the case of 9-cis-retanoic acid (a), LEU 208 and PHE 476 rotate to allow for the ligand to fit into a bioactive conformation. Furthermore ASP 293 rotates into a position to allow a potential hydrogen bond to the imidazole ring. In the case of torsemide (b), a~180º rotation of the side chain and a >3Å shift in the C-alpha position of PHE 476 was observed, allowing for a bioactive conformation of torsemide that was not observed in the crystal structure. This shift closes a pocket between the C-terminus and the G helix (not shown). The closest-to-active pose found in the crystal structure docking was found to occupy this pocket. Closure of this pocket allows for an alternative ligand conformation to be found in the pseudo-apo ensemble that is consistent with the known SoM of torsemide. structure alone, the ensemble offered significant improvement in the top-1, top-2 and top-3 positions and in the overall docking success (Table II) .
The more diverse binding pockets of the mixed ensemble are likely responsible for the significant improvement in the overall docking success. The increase in accurate predictions in the top-1, top-2 and top-3 positions, while significant, does not match the improvement in overall docking success. The increased binding pocket diversity in the ensemble is likely the reason that more compounds can be successfully docked, however, this diversity can also result in a higher number of alternative ligand poses, making the identification of true positive poses more challenging for the docking scoring function. This is one possible reason that the individual increase in the top-1, top-2, and top-3 positions is not as drastic as in the overall docking performance.
Combining Docking and SMARTCyp
We hypothesized that SoM predictions could be further improved by combining the structural data from docking and the ligand-based reactivity predictions from SMARTCyp. For instance, let us assume that SMARTCyp incorrectly predicts a given atom as the true SoM; although the incorrectly predicted atom may be a highly reactive, it may not be a structurally feasible SoM based on its binding conformation. For example, it may be part of a bulky group that cannot easily fit close to the reactive oxygen of the heme. By including contributions from both docking and SMARTCyp, such atoms could be re-ranked or even eliminated as possible SoMs, resulting in improved predictions.
The optimized gamma value can offer insight about the individual contributions of docking scoring and SMARTCyp to the overall ranking of the SoM; a low gamma suggests that SMARTCyp dominates the calculated CS and docking only provides a minor contribution, a gamma of around 10 would suggest approximately equal contributions of both docking and SMARTCyp, and a large gamma would suggest that docking dominates the CS function.
In the crystal structure, the optimized gamma value of 0.0 suggests that the results are entirely dominated by the SMARTCyp rankings of the compounds. On the other hand, the gamma score for the pseudo-apo ensemble is 23.5, suggesting that docking scores are a major contribution to the overall CS ranking. There are several reasons for this discrepancy in gamma scores. Most notably, in the pseudo-ensemble the rankings of SMARTCyp and docking are approximately equal in the top-3 positions (~65%). This suggests that both docking and SMARTCyp have approximately equal ability to contribute to the final ranking. However, almost all compounds can be successfully docked to the ensemble, indicating that docking has the potential to further improve SoM prediction above the~65% observed with either approach individually. This is in contrast to the crystal structure where docking has a significantly lower percentage of compounds ranked in the top-3 (~45%) and also a lower overall docking success (~65%), thus a less significant potential to contribute to the overall CS ranking. 5 A visual representation of the docking performance in (a) the crystal structure, (b) the pseudo-ensemble using the 14-ligand subset. Ligand ranking is indicated by the shade of red, lighter regions indicate highly ranked poses, while black indicates that no pose was found in which the true SoM was within a reactive distance to the oxygen on the heme. The rank of the protein structure according to the fitness function is shown on the far right hand side for the pseudo-apo ensemble. In order to successfully dock all 14 test compounds, the top-34 structures would have been needed, however this was deemed to be excessive. We tested the top-4, -6, -8 and -10 structures and found that the top-6 structures provided the most effectiveensemble in terms of top-3 ranking by QSAR. The volume of the binding site over the course of the trajectory calculated using POVME (34) (description in Supplementary Information)
In Fig. 6 , we provide some specific examples of how CS ranking in the pseudo-apo ensemble improved SoM prediction in various compounds. In some compounds, such as galangin, the contribution of the docking score was essential for the top-1 CS ranking of the compounds (Fig. 6a) , whereas in others, like terbinafine, it was the SMARTCyp (Fig. 6b) score that was the determining factor. SMARTCyp and docking did not rank the same ligands in the top-3 positions as was seen with galangin and terbinafine. These differences allowed for approximately 10% improvement in the CS ranking. However, the most intriguing cases were those in which different rankings of individual atoms by SMARTCyp and docking led to a synergistic ranking effect. In these cases, the CS ranking of the true SoM was higher than in either approach individually. Suprofen, for example shows this trend (Fig. 6c) . Suprofen and other ligands where there was a synergistic effect accounted for the remaining~10% improvement in the CS ranking is as compared to either method alone.
Although using a combination approach in the pseudo-apo ensemble improved performance over either SMARTCYP alone or docking alone, and all approaches tested on the crystal structure alone, we hypothesized that using Quantitative Structure-Activity Relationship (QSAR) modeling could improve the separation between active and inactive docking poses and further improve SoM prediction in the top-1, top-2, and top-3 positions.
Ranking SoM Data Using QSAR
QSAR is a computational method that derives statistical relationships between sets of descriptors, typically ligand properties, and a set of values, typically the biological activities of the target ligands. We hypothesized that there were certain key ligand features, along with the spatial orientation of those features, which could distinguish between active and decoy docking poses, and that QSAR statistical modeling could be used to identify those features. By assigning a favorable score to active poses as compared to decoy poses, we aimed to train a model to preferentially select active ligand poses.
However, in addition to protein-ligand interactions, for CYP metabolism the reactivity of a chemical group is an additional critical factor to determine the potential SoM of a ligand. As pseudo-receptor QSAR programs, such as RAPTOR, do not directly incorporate this factor, we modified RAPTOR to include SMARTCyp scores as a descriptor in the modeling process. Using this modified QSAR approach, we were able to significantly improve SoM predictions (Table II-Vina+SMARTCyp+QSAR column) .
Compared to SMARTCyp alone, docking alone, or the combined approach using SMARTCyp and docking (CS), reranking atoms using QSAR proved to be far superior. For example, the QSAR model based on the docking results from the pseudo-apo ensemble was able to predict the correct SoM c Binding poses were identified using docking with AutoDock Vina to the x-ray structure of CYP2C9 only d Binding poses were identified using docking with AutoDock Vina to an ensemble of proteins structures generated by an MD simulations based on the pseudoapo form of CYP2C9 (holo x-ray structure with co-crystallized ligand removed) e Percentage of correctly predicted SoMs using Autodock Vina alone. A prediction was considered "correct" if the true SoM was within 4.0 Å in the top-1, top-2 or top-3 ranked docking poses, respectively f Percentage of correctly predicted SoMs using a combination score comprised of the Vina score and the SmartCyp score, see Materials and methods section for full details g Percentage of correctly predicted SoMs using the modified QSAR model that includes the poses provided by Vina docking and the reactivity scores from SMARTCyp h Bracketed values represent the percentage of successfully docked compounds when the protein structures that comprised the ensembles were chosen at random. These values represent the average and standard deviation over three randomly selected protein sets i Although a gamma (γ) of 0 is selected, the omission of some atoms due to failure to find both a successful docking pose and SMARTCyp score can result in slightly different rankings using the CS versus SMARTCyp. These differences were caused by the inability to find a successful docking pose, therefore an atom may be ranked in SMARTCyp but not the combination approach, which can result in slight changes in the overall rankings as observed in the crystal structure in 88% and 96% within the top-1 and top-2 positions, respectively. For several compounds the QSAR approach drastically improved the ranking of the true SoM in comparison to the other methods tested (Fig. 7) . For instance, for etodolac ( Fig. 7a and b) none of the other methods tested accurately predicted the true SoM, C13, within the top-3 positions. However, using QSAR, the top ranked pose placed the true In some cases the docking score is the determining factor for the overall CS ranking of the true SoM. In fluvastatin, for instance, in the top ranked docking pose the true SoM, C25, was the atom nearest to the reactive oxygen of the heme. Even when combined with a poor SMARTCyp score, the favorable docking score of this pose allowed this atom to be ranked 1st overall. In other cases, SMARTCyp is crucial for theranking using CS. In the case of mestranol, the top-ranked docking pose places C10 and C14 nearest to the reactive oxygen (b). However, these atoms were ranked poorly by SMARTCyp (4th and 5th, respectively). Thetop-ranked bioactive pose (c) had a docking score that was only slightly less favorable than the top ranked pose, and thus when combined with the SMARTCyp scores, wherein the true SoM was ranked first, the overall CS ranking placed the true SoM in the top-1 position. In some cases there was a synergistic outcome using the CS. In GV150526, SMARTCyp incorrectly predicts the SoM as C3; however the docking results suggest that the conformation leading to metabolism of C3 is unfavorable (ranked 15th overall). The overall top-rankedpose (d) incorrectly predicts O14 as the true SoM, however this atom was not favorably ranked using SMARTCyp. The top-ranked bioactive pose (e) ranks the true SoM 4th overall and SMARTCyp ranks this atom 2nd overall. Combining these predictions leads to the true SoM, C20, being ranked 1st overall.
SoM within 4.0 Å of the reactive oxygen. Notably, this pose was very poorly ranked using docking (10th overall). In other compounds, such as 17 alpha-ethinylestradiol ( Fig. 7c and d) , the QSAR score offered incremental improvements within the top-3 ranked positions. In this compound, both docking and SMARTCyp were unable to rank the trueSoM within the top-3 positions. While the CS method improved the ranking to the top-2 position, QSAR ranked the true SoM at the top-1 position.
One remaining limitation for the success of the QSAR model was the overall docking success. In other words, assuming that an active pose was sampled during the docking process, the QSAR model was nearly always able to identify the true SoM within the top-3 positions. In the crystal structure for instance, the QSAR model accurately predicted the SoM within the top-3 positions for all but one of the compounds for which an active docking pose was obtained. For the pseudo-apo ensemble, all compounds with an active docking pose were predicted within the top-2 ranked SoM. Table III represents the QSAR results in isolation, i.e. only ligands for which active docking poses were found are considered. In this situation, 91%, 100% and 100% of the known SoMs are correctly predicted when the pseudo-apo ensemble was used for docking within the top-1, top-2 and top-3, respectively. These percentages are slightly lower when the crystal structure was used for docking, i.e., 77%, 87%, and 98%, for the top-1, top-2, and top-3 positions, respectively. While the QSAR model using the results from docking to the crystal structure was severely limited by the quality of the docking process, the pseudo-apo docking set was able to generate active poses for most ligands, allowing the subsequent QSAR model to predict the known SoM in the top-2 positions in 96% of all cases.
Over-fitting can be a concern in QSAR modelling, so the results for the test and training set of the QSAR models were compared (Table IV) . Similar to Table III, only those ligands for which an active docking pose was found are included in the comparisons. For the x-ray structure, there were little Fig. 7 Examples of compounds in which the QSAR method improves SoM prediction over other testedmethods. In the left column is the pose selected by the QSAR model and in the right column is the top-rankeddocking pose, in both cases the true SoM has been shown in an orange sphere. The transparent white sticksrepresent the conformation of the crystal structure. In the case of etodolac, the top ranked QSAR and toprankeddocking pose both have the true SoM oriented towards the reactive oxygen, but the QSAR poseselects the structure in which the SoM is within a reactive distance (a and b). For 17 alphaethinylestradiol, theQSAR model selects a pose that is completely inverted (c) from the top-ranked docking pose (d). In bothcases, the QSAR model places the known SoM in the top-1 predicted position. Notably, in all cases successfulligand docking requires a significant rearrangement of the binding site residues, as neither of thesecompounds could be successfully docked to the crystal structure. differences between the two sets; the training and test set had approximately the same fractions in the top-1, top-2, and top-3 positions. For the pseudo-apo ensemble, the prediction accuracy of the test set exceeded that of the training set, where the SoM of all test set ligands was correctly predicted in the top-1 position. This indicates that the chemical space of the test set was well-covered by the training set, and that the model has high predictive power for future compounds within the space modeled. Additionally, as the RAPTOR QSAR package generates a pseudo-receptor model of the protein binding pocket around the ensemble of ligand poses, we visually compared the QSAR model with the members of the pseudo-apo structural ensemble, a representative example is shown in Fig. 8 . As shown, there is significant agreement between the protein structure and the RAPTOR model. Where the model predicts hydrophobic properties, the protein residues are mainly hydrophobic, such as LEU 366 and 361, and PHE 100, 114, and 476. Hydrophilic residues such as ARG 108, ASN 204, and ASP 293 are collocated with hydrophilic features of the RAPTOR pseudo-receptor. PHE 100 and 114 both appear to be able to engage in different types of interactions, as they are co-located with both hydrophobic and hydrophilic features, indicating that π stacking interactions might play an important role in the binding pocket.
CONCLUSION
In this study, we compared the ability of ligand-based, structure-based, and combination-based approaches to predict the SoM in 73 diverse CYP2C9 substrates. Of all individual methods tested, docking was found to have the poorest performance. Whereas ensemble docking showed a significant improvement over docking to the crystal structure alone, at most 38% of the compounds were ranked in the top-1 position using docking. Using the SMARTCyp reactivity model alone, 42% of the compounds were accurately prediction in the top-1 position. By combining the docking scores and SMARTCyp scores prediction accuracy was improved in both ensembles, but not in the crystal structure. Ultimately, we found that the inclusion of QSAR into the combination approach resulted in significant improvement in prediction success and was the most effective and accurate SoM prediction method tested in this work.
In all systems tested, the QSAR model was able to accurately predict, within the top-3 positions, the SoM for nearly all ligands with an active pose. A key limitation to the success observed with QSAR was the ability of docking to provide active poses, in other words, poses in which the true SoM was within a reactive distance to the oxygen of the heme. Using a pseudo-apo ensemble, we were able to find an active docking pose for nearly all ligands tested. To set our results in perspective, a recent study of currently published methods found that accurate predictions in the top-2 positions range between 68% and 87%, on average, across various CYP isoforms. (35) In the same study, the highest prediction rate achieved for CYP2C9 was 87% in the top-2 (35) . Using our approach we achieved an accurate prediction rate of 96% in the top-2 positions, albeit using a different, dataset. With a performance of over 95% correct positions in the top-2 positions, we feel that we are approaching the limits of this method and that any further improvement may require the inclusion of computationally expensive approaches such as QM/MM calculations. Fig. 8 The QSAR model of the pseudo-apo data set. The binding site residues (a) and pseudo-receptor (b) with 90º rotation (c) were generated by the pseudoreceptor method RAPTOR. The RAPTOR models are colored by property, with red representing hydrogen bond acceptors, blue hydrogen bond donors, and brownand yellow as hydrophobic regions.
Our promising results in CYP2C9 represent a step towards improved and highly accurate SoM predictions in CYP enzymes. While in the current study we tested substrates of CYP2C9, we believe that the proposed method will be of use in broader ligand datasets and also will be applicable to different CYP isozymes.
